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(54) CARE PATH ANALYSIS AND MANAGEMENT PLATFORM

(57) In some examples, a system may generate a
plurality of care path patient profile models based on a
plurality of care path patterns for a plurality of past patient
admissions. For example, each care path patient profile
model may include a trained classifier. Further, the sys-
tem may receive information related to a new patient ad-
mission, and may generate features from the received
information related to the new patient admission. The
system may input the features generated from the re-
ceived information related to the new patient admission
into the plurality of care path patient profile models to
obtain a respective probability of being classified in a
respective care path based on an amount of similarity to
the patients who have gone through each care path. In
addition, the system may present, on a display, informa-
tion related to at least one care path pattern in a graphical
user interface.
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Description

BACKGROUND

[0001] Care paths, also referred to as clinical path-
ways, are used to manage quality in healthcare by pro-
viding standardization to care processes. A single care
path may refer to multiple clinical guidelines on several
topics for a specific group of patients, in which various
optimized interventions by the professionals involved are
defined based on evidence. The use of care paths for
treatment of patients has been shown to reduce variabil-
ity in clinical practice and generally improve the outcomes
for the patients. For example, care paths may be used
to standardize care management and to improve clinical
processes by reducing risks, duplication, and variation
in treatment of patients.
[0002] For each individual patient, a properly con-
ceived care path may provide a synergy between a
number of different specialties and caring functions, and
may include foreseeable actions that are likely to be best
practices for patients "similar" to this particular patient.
However, due to the large number of possible variables
for treatment of individuals, determining the most effec-
tive care path is challenging. The use of care paths may
optimize outcomes in a variety of settings such as acute
care and home care, and can help reduce incidences of
hospital readmissions, patient relapses, or the like. Fur-
ther, the use of care paths may improve the efficiency of
patient care through managing various expensive health-
care resources.

SUMMARY

[0003] Some implementations include arrangements
and techniques in which a system may generate a plu-
rality of care path patient profile models based on a plu-
rality of care path patterns for a plurality of past patient
admissions. For example, each care path patient profile
model may include a trained classifier. Further, the sys-
tem may receive information related to a new patient ad-
mission, and may generate features from the received
information related to the new patient admission. The
system may input the features generated from the re-
ceived information related to the new patient admission
into the plurality of care path patient profile models to
obtain a respective probability of being classified in a
respective care path based on an amount of similarity to
the patients who have gone through each care path. In
addition, the system may present, on a display, informa-
tion related to at least one care path pattern in a graphical
user interface (GUI).

BRIEF DESCRIPTION OF THE DRAWINGS

[0004] The detailed description is set forth with refer-
ence to the accompanying figures. In the figures, the left-
most digit(s) of a reference number identifies the figure

in which the reference number first appears. The use of
the same reference numbers in different figures indicates
similar or identical items or features.

FIG. 1 illustrates an example architecture of a system
for performing care path analytics and managing re-
sources according to some implementations.
FIG. 2 illustrates an example data structure of mined
care path patterns for a group of patients according
to some implementations.
FIG. 3 illustrates an example data structure of ad-
mission and care path associations according to
some implementations.
FIG. 4 illustrates an example data structure of out-
comes that result in readmission according to some
implementations.
FIG. 5 illustrates an example data structure of ex-
ample features according to some implementations.
FIG. 6 illustrates an example data structure of ex-
ample admissions with generated features accord-
ing to some implementations.
FIG. 7 is a flow diagram illustrating an example proc-
ess for clustering care paths based on frequency ac-
cording to some implementations.
FIG. 8 illustrates an example data structure of an
incidence matrix including transitions from diagnosis
to procedures according to some implementations.
FIG. 9 illustrates an example heat map of the inci-
dence matrix of FIG. 8 according to some implemen-
tations.
FIG. 10 illustrates an example data structure of the
incidence matrix of FIG. 8 after bi-clustering accord-
ing to some implementations.
FIG. 11 illustrates an example heat map of the inci-
dence matrix of FIG. 10 after bi-clustering according
to some implementations.
FIG. 12 illustrates an example data structure of ad-
missions with features generated using bi-clustering
according to some implementations.
FIG. 13 is a flow diagram illustrating an example
process for bi-clustering according to some imple-
mentations.
FIG. 14 is a flow diagram illustrating an example
process for generating care path patient profile mod-
els according to some implementations.
FIG. 15 illustrates an example visualization of com-
parative effectiveness analysis according to some
implementations.
FIG. 16 is a flow diagram illustrating an example
process for the training stage for a binary predictive
application according to some implementations.
FIG. 17 is a flow diagram illustrating an example
process for the prediction stage of a binary predictive
application according to some implementations.
FIG. 18 is a flow diagram illustrating an example
process for length of stay (LOS) prediction according
to some implementations.
FIG. 19 is a flow diagram illustrating an example
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process for determining a next medical intervention
according to some implementations.
FIG. 20 illustrates an example GUI including a visu-
alization of comparative effectiveness analysis for a
next medical intervention according to some imple-
mentations.
FIG. 21 is a flow diagram illustrating an example
process for determining predicted resource utiliza-
tion according to some implementations.

DETAILED DESCRIPTION

[0005] Some implementations herein are directed to
techniques and arrangements for a care path analytics
platform that provides analytics applications for deter-
mining care paths, predicting patient risk, and managing
associated resources. For example, care paths may be
analyzed at population level using data mining and ma-
chine learning techniques to discover inherent patterns
within the care paths. In addition, the techniques herein
enable the users to determine and visualize the associ-
ations of individual care paths with various risks, such as
hospital readmissions, hospital-acquired conditions, like-
ly length of stay in the hospital, likelihood of mortality,
and so forth. Accordingly, implementations herein are
able to solve a problem of matching newly admitted pa-
tients with an optimal care path for that patient based on
using machine learning to determine respective proba-
bilities of the patient being classified as being similar to
the patients who have gone through each care path. For
example, the higher the probability, the more likely the
patient will have a similar outcome to patients who have
gone through a particular care path. Furthermore,
through use of a GUI able to provide a comparative vis-
ualization of one or more care paths and associated out-
comes, medical professionals are able to use the system
herein for making an educated and comprehensive de-
termination of an optimal care path for each new patient.
[0006] The care path analytics platform may include
one or more programs for determining care paths and
enabling a plurality of predictive and prescriptive analyt-
ics applications, such as a data management program,
a data mining program, and a core analytics program,
and that provide information to the analytics applications.
For instance, the data management program may re-
ceive and integrate data from a plurality of different health
information systems, and further, may perform data pre-
processing, normalization, and the like, on the received
data.
[0007] The data mining program may apply frequent-
pattern mining techniques to care path data for determin-
ing care paths based on frequency and for generating
features from individual data sources. In addition, the da-
ta mining program may summarize care outcomes of in-
terest, such as hospital readmissions, hospital-acquired
conditions (HACs), and hospital length of stay (LOS). The
core analytics program may include care path pattern
recognition module, a care path patient profile model

builder, and care path comparative effectiveness analy-
sis logic.
[0008] The core analytics program may interact with a
predictive analytics application and/or a prescriptive an-
alytics application. For example, the predictive analytics
application may include a hospital acquired infection pre-
diction application, a hospital readmission prediction ap-
plication, an emergency department visit prediction ap-
plication, and/or a length of stay prediction application.
In addition, the prescriptive analytics application may in-
clude hospital bed management logic, staff planning log-
ic, and next medical intervention recommendation logic.
Each of these functions are described in additional detail
below.
[0009] Furthermore, some examples herein provide a
plurality of techniques for executing critical analytics ap-
plications on the care path analytics platform. According-
ly, the care path analytics platform herein may provide a
holistic view of interventions experienced by patients and
may enable a variety of analytics applications to turn oth-
erwise isolated data into actions for determining suitable
care paths for patients. For example, the platform may
analyze the care path patterns that are highly correlated
with an outcome of interest, such as readmission. Fur-
ther, the care path analytics platform may employ data
mining and machine learning based analytics to mitigate
patient risk and improve operations of hospitals or other
health care organizations by analyzing patterns across
a number of different data sources, building care path
patient profile models, recommending next intervention
actions, and the like.
[0010] In some examples, the care path analytics plat-
form may integrate data from a plurality of diverse health
information systems, such as an electronic health record
(EHR) system, an admission, discharge, transfer (ADT)
system, a registration and billing system, a clinical infor-
mation system, a hospital resource management sys-
tem, or the like. The data integration process may be
analytics oriented. In addition, the analytics applications
supported by the care path analytics platform may in-
clude, but are not limited to, hospital-acquired infection
risk prediction, hospital readmission risk prediction,
emergency department visit prediction, length of stay
(LOS) prediction, next medical intervention recommen-
dation, hospital bed management, and staff planning.
[0011] In some implementations, the system may gen-
erate a plurality of care path patient profile models based
on a plurality of care path patterns for a plurality of past
patient admissions. For example, each care path patient
profile model may include a trained classifier that repre-
sents the main characteristics of the patients who have
gone through the care path. Further, the system may
gather and analyze information related to a new patient
admission and may generate features from the gathered
information related to the new patient admission. The
system may input the features generated from the gath-
ered information related to the new patient admission
into the plurality of care path patient profile models to
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obtain a respective probability of being similar to the pa-
tients who have gone through each care path. The sys-
tem may use the generated probabilities to determine
the best possible next interventions for the new patient
admission. In addition, the system may analyze the pat-
terns and risks among a plurality of care paths, and may
input the analyzed patterns to a plurality of prediction
models to help reduce patient risks and predict patient
length of stay. The system may input the predicted length
of stay to a healthcare resource management system for
use in managing healthcare resources. Further, the sys-
tem may present information related to at least one care
path pattern in a graphical user interface (GUI) on a dis-
play.
[0012] The platform and system described herein may
be used as a standalone solution or may be integrated
with existing systems that provide other functionalities
for hospital care management and operations manage-
ment. For discussion purposes, some example imple-
mentations are described in the environment of one or
more computing devices that determine suitable care
paths for patients and provide corresponding visualiza-
tions in a user interface. However, implementations here-
in are not limited to the specific examples provided, and
may be extended to other types of data analysis tech-
niques, other types of health care environments, other
system architectures, other graphics effects, and so forth,
as will be apparent to those of skill in the art in light of
the disclosure herein.
[0013] FIG. 1 illustrates an example architecture of a
system 100 for performing care path analytics and man-
aging resources according to some implementations.
The system 100 includes at least one service computing
device 102 that is able to communicate with one or more
hospital information system computing devices 104,
such as through one or more networks 106. In some ex-
amples, the service computing device(s) 102 and/or hos-
pital information system computing device(s) 104 may
include one or more servers, personal computers, or oth-
er types of computing devices that may be embodied in
any number of ways. For example, in the case of a per-
sonal computer, the programs, other functional compo-
nents, and at least a portion of data storage may be im-
plemented on the personal computer and/or may be par-
tially implemented at a network location, such as through
cloud-based storage, cloud-based processing, or the
like. Alternatively, in the case of a server, the programs,
other functional components, and at least a portion of
data storage may be implemented on at least one server,
such as a stand-alone server, or one or more servers in
a cluster of servers, a server farm or data center, a cloud-
hosted computing service, and so forth, although other
computer architectures may additionally or alternatively
be used.
[0014] In the illustrated example, the service comput-
ing device 102 includes, or may have associated there-
with, one or more processors 112, one or more commu-
nication interfaces (I/Fs) 114, one or more computer-

readable media 116, and a display 118. Each processor
112 may be a single processing unit or a number of
processing units, and may include single or multiple com-
puting units, or multiple processing cores. The proces-
sor(s) 112 can be implemented as one or more central
processing units, microprocessors, microcomputers, mi-
crocontrollers, digital signal processors, state machines,
logic circuitries, graphics processing units, systems on
chips, and/or any devices that manipulate signals based
on operational instructions. For instance, the proces-
sor(s) 112 may be one or more hardware processors
and/or logic circuits of any suitable type specifically pro-
grammed or configured to execute the algorithms and
processes described herein. The processor(s) 112 may
be configured to fetch and execute computer-readable
instructions stored in the computer-readable media 116,
which can program the processor(s) 112 to perform the
functions described herein.
[0015] The computer-readable media 116 may include
volatile and nonvolatile memory and/or removable and
non-removable media implemented in any type of tech-
nology for storage of information such as computer-read-
able instructions, data structures, program modules, or
other data. For example, the computer-readable media
116 may include, but is not limited to, RAM, ROM, EEP-
ROM, flash memory or other memory technology, optical
storage, solid state storage, magnetic tape, magnetic
disk storage, RAID storage systems, storage arrays, net-
work attached storage, storage area networks, cloud
storage, or any other medium that can be used to store
the desired information and that can be accessed by a
computing device. Depending on the configuration of the
service computing device 102, the computer-readable
media 116 may be a tangible non-transitory medium to
the extent that, when mentioned, non-transitory compu-
ter-readable media exclude media such as energy, car-
rier signals, electromagnetic waves, and/or signals per
se. In some cases, the computer-readable media 116
may be at the same location as the service computing
device(s) 102, while in other examples, the computer-
readable media 116 may be partially remote from the
service computing device(s) 102.
[0016] The computer-readable media 116 may be
used to store any number of functional components that
are executable by the processor(s) 112. In many imple-
mentations, these functional components comprise in-
structions or programs that are executable by the proc-
essor(s) 112 and that, when executed, specifically pro-
gram the processor(s) 112 to perform the actions attrib-
uted herein to the service computing device 102. Func-
tional components stored in the computer-readable me-
dia 116 may include a data management program 120,
a data mining program 122, a core analytics program
124, one or more predictive analytics applications 126
and one or more prescriptive analytics applications 128,
each of which is described additionally below.
[0017] Additional functional components maintained in
the computer-readable media 116 of the service comput-
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ing device(s) 102 may include an operating system (not
shown in FIG. 1) that may control and manage various
functions of the service computing device(s) 102. In some
cases, the functional components may be stored in a
storage portion of the computer-readable media 116,
loaded into a local memory portion of the computer-read-
able media 116, and executed by the one or more proc-
essors 112. Numerous other software and/or hardware
configurations will be apparent to those of skill in the art
having the benefit of the disclosure herein.
[0018] In addition, the computer-readable media 116
may store data, which may include a plurality of data
structures 130 used for performing the functions and
services described herein. For example, the computer-
readable media 116 may store data received from the
hospital information system computing devices 104, may
store tables, databases, heat maps, and other data struc-
tures, such as may be generated from the received data.
In addition, the computer readable media 116 may store
one or more machine learning models 132 that may be
generated and trained using the received data and the
data structures 130. Additional description of the data
structures 130 and machine learning models 132 is in-
cluded below.
[0019] The service computing device 102 may also in-
clude or maintain other functional components and data,
which may include programs, drivers, etc., and other data
used or generated by the functional components. Fur-
ther, the service computing device 102 may include many
other logical, programmatic, and physical components,
of which those described above are merely examples
that are related to the discussion herein.
[0020] The service computing device 102 may further
include or may otherwise be in communication with the
display 118 for presenting a graphic user interface (GUI)
(not shown in FIG. 1) including a care path visualization,
one or more selected care paths, and the predicted risk
profiles for the selected care paths, as discussed addi-
tionally below. A medical professional or other user may
execute and interact with the GUI on the display 118 for
determining an optimal care path for a selected patient
and a selected medical facility, such as a hospital or other
health care organization.
[0021] Additionally, in some examples, a first portion
of the operations described herein may be performed by
a first one of the service computing devices 102, and
another portion of the operations may be performed by
a second one of the service computing devices 102. As
one example, one or more first service computing devic-
es 102 may execute the data management program 120,
the data mining program 122, and the core analytics pro-
gram 124, while one or more second service computing
devices 102 may execute the predictive analytics appli-
cation(s) 126 and the prescriptive analytics application(s)
128. Alternatively, of course, in other examples, a single
service computing device 102 may be employed. Numer-
ous other variations will be apparent to those of skill in
the art having the benefit of the disclosure herein.

[0022] The communication interface(s) 114 may in-
clude one or more interfaces and hardware components
for enabling communication with various other devices,
such as over the one or more networks 106. Thus, the
communication interfaces 114 may include, or may cou-
ple to, one or more ports that provide connection to the
network(s) 106 for communicating with the hospital in-
formation system computing device(s) 104. For example,
the communication interface(s) 114 may enable commu-
nication through one or more of a LAN (local area net-
work), WAN (wide area network), the Internet, cable net-
works, cellular networks, wireless networks (e.g., Wi-Fi)
and wired networks (e.g., fiber optic, Ethernet, Fibre
Channel,), direct connections, as well as close-range
communications, such as BLUETOOTH®, and the like,
as additionally enumerated below.
[0023] The one or more networks 106 may include any
type of network, including a LAN, such as an intranet; a
WAN, such as the Internet; a wireless network, such as
a cellular network; a local wireless network, such as Wi-
Fi; short-range wireless communications, such as BLUE-
TOOTH®; a wired network including fiber optics, Ether-
net, Fibre Channel, or any other such network, a direct
wired connection, or any combination thereof. Accord-
ingly, the one or more networks 106 may include both
wired and/or wireless communication technologies.
Components used for such communications can depend
at least in part upon the type of network, the environment
selected, or both. Protocols for communicating over such
networks are well known and will not be discussed herein
in detail. Accordingly, the service computing device(s)
102 and the hospital information system computing de-
vice(s) 104 are able to communicate over the one or more
networks 106 using wired or wireless connections, and
combinations thereof.
[0024] In some examples, the hospital information sys-
tem computing device(s) 104 may have a hardware con-
figuration (not shown in FIG. 1) similar to the service com-
puting device(s) 102 discussed above. For example, the
hospital information system computing device(s) 104
may include any of the examples of processors 112 dis-
cussed above, any of the examples of communication
interfaces 114 discussed above, and any of the examples
of computer-readable media 116 discussed above.
[0025] The hospital information system computing de-
vice(s) 104 may include computing devices of various
different hospital information systems, several examples
of which are shown in FIG. 1. Thus, in the illustrated ex-
ample, the hospital information system computing de-
vice(s) 104 include one or more electronic health record
(EHR) computing devices 136, one or more admission,
discharge, transfer (ADT) system computing devices
138, one or more registration and billing system comput-
ing devices 140, one or more clinical information system
computing devices 142, one or more hospital resource
management system computing devices 144, and so
forth.
[0026] The hospital information system computing de-
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vices 104 may send various types of data to the data
management program 120 executing on the service com-
puting device(s) 102. Examples of data that may be re-
ceived by the data management program 120 include
EHR information 146, such as detailed patient data for
individual patients, that may be provided by the electronic
health record system computing device 136; ADT infor-
mation 148 that may be provided by the admission, dis-
charge, transfer system computing device 138 related to
patient admissions and discharges from hospitals or the
like; registration and billing information 150 that may be
provided by the registration and billing system computing
device 140; clinical information, such as lab information
152, radiology information 154, surgery information 156,
and pharmacy information 158, for individual patients that
may be provided by the clinical information system com-
puting devices 142; and resource information 160 regard-
ing various hospital resources that may be provided by
the hospital resource management system computing
device 144.
[0027] The data management program 120 receives
the data 146-160 from multiple health information system
computing devices 104 that are employed by a health-
care organization. As discussed below, the received data
may include any information that may be used to derive
candidate predictors, referred to as features, that may
be used by the analytics applications 126 and/or 128.
The data management program 120 may include a data
ingester 162, which may be a program module of the
data management program 120 that may receive the data
146-160 from the hospital information system computing
devices 104 and may store the received data in one or
more of the data structures 130.
[0028] In addition, the data management program 120
may include a data integrator 164, which may be a pro-
gram module of the data management program 120 that
integrates the data received from the various different
health information system computing devices to enable
use of the data together, regardless of the source. For
instance, the data integrator 164 may integrate data from
a plurality of diverse health information systems. As one
example, data from different sources may need to be
joined, merged, correlated, or otherwise integrated to-
gether before the data is conveniently useable in the data
mining process. In some examples, the data integration
process may be analytics oriented, as discussed addi-
tionally below.
[0029] In addition, the data management program 120
may include a data normalizer 166, which may be a pro-
gram module of the data management program 120 that
may normalize the received data into various uniform for-
mats, or the like, depending on the data type, to enable
further use of the data by the data mining program 122.
For example, data standardization, cleansing, and other
types of data normalization may be employed, which may
address differences in data formats, or the like, such as
due to the evolution of the EHR system within the organ-
ization, human factors (e.g., different people may enter

the same type of data slightly differently), and the like.
For example, different diagnosis-related group (DRG)
codes such as MS-DRG (Medicare-severity DRG) or
APR-DRG (all-patient-refined DRG) may be used. For
instance, it may be common to have both International
Classification of Diseases-9 (ICD-9) and ICD-10 codes
used for diagnoses and procedures in the same health
organization, such as the same hospital, or the like. Fur-
thermore, different units may be used for the same types
of lab test results in some cases. In these situations, data
standardization and normalization is performed to ensure
accuracy before any knowledge and insight is extracted
from the data. Accordingly, the data normalizer 166 may
automatically normalize the data from various sources
into a normalized (e.g., specified) format, which may
have been specified in advance for the particular data
type.
[0030] The data mining program 122 may digest the
integrated and normalized data stored by the data man-
agement program 120. For example, the data mining pro-
gram 122 may perform foundational data mining tasks
that serve as the base of the core analytics performed
by the core analytics program 124. The data mining pro-
gram may include three subprograms (also referred to
as program modules), namely a care path miner 168, an
outcome generator 170 and a feature generator 172.
[0031] The data mining program 122 may execute the
care path miner 168 to access the received data in the
data structures 130. The care path miner 168 may apply
frequent sequential pattern mining techniques to the in-
tegrated and normalized data in the data structures 130
to determine sequences of clinical interventions received
by a group of patients. For example, a selected group of
patients may be a plurality of patients with the same DRG
code or who are otherwise defined by the same classifi-
cation criteria, e.g., by having one or more specified char-
acteristics in common. Accordingly, a selected group of
patients may be configurable based on one or more user-
defined criteria or based on one or more default criteria.
[0032] The inherent large variations in healthcare data
pose modeling and computational challenges for mining
data related to care path patterns. For example, there
are thousands of lab tests, diagnosis codes, procedure
codes, types of drugs, and so forth. Further, even for the
same type of intervention event, patients may experience
different durations and outcomes.
[0033] The care path miner 168 may be configured to
mine data to form a foundation for the analytics applica-
tions 126, which enable actions such as next treatment
recommendation, risk prediction and prevention, and the
like. One issue with the large amount of variation in
healthcare data is that it results in a large number of pat-
terns associated with only a few instances if each event
is recorded with its corresponding duration. To overcome
this issue, the care path miner 168 may model the care
path as a sequence of lab → diagnosis → procedure,
which covers the major interventions that patients expe-
rience during their stay with a hospital. The sequence of
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lab → diagnosis → procedure may be referred to as a
"flow" while subsequences, such as lab → diagnosis, or
diagnosis → procedure, may be referred to as "transi-
tions". FIG. 2 discussed below illustrates an example of
mined care path patterns for a group of patients with the
same DRG code determined by the care path miner 168.
[0034] In addition, the care path miner 168 may be con-
figured to determine the association between admissions
and the care path patterns and store this information to
another data structure. FIG. 3 discussed below illustrates
an example data structure including the association be-
tween admission and care paths.
[0035] The outcome generator 170 may execute an
outcome-based care path pattern analysis that may be
used by the analytics applications 126 and/or 128. For
example, the outcome generator 170 of the data mining
program 122 may be executed to determine the analysis
targets. The analysis targets may be referred to as ana-
lytics outcomes. Examples of the outcomes may include
hospital-acquired infection that may be used for hospital-
acquired infection prediction; patient readmissions within
a period (e.g., 30 days, 60 days, etc.) that may be used
for hospital readmission risk prediction; and length of stay
that may be used for LOS prediction.
[0036] Some examples herein may use a binary vari-
able to represent hospital-acquired infection and re-
admission. That is, for each admission, if a patient ac-
quired a type of infection of interest during the stay, the
corresponding outcome variable for this admission is 1,
otherwise, 0. Similarly, for each admission, if a patient
was readmitted to the hospital within a pre-defined period
after the discharge, the corresponding outcome variable
for this admission is 1, otherwise, 0. FIG. 4 illustrates an
example of an outcome data structure for readmission,
as discussed additionally below. In addition, the length
of stay may be calculated as the difference between dis-
charge date and admission date, and the outcome vari-
able may be denoted as Y. For K admissions under anal-
ysis, Y may be a vector of length of K.
[0037] In addition, the data mining program 122 in-
cludes the feature generator 172, which extracts features
from the mined data. For example, the core analytics
program may use extracted features to build care path
patient profile models. The care path patient profile may
include a set of patient characteristics plus the interac-
tions among the characteristics that are distinctive for
each care path pattern. The patient characteristics may
include patient demographic information, genetic infor-
mation, health history, clinical history, and so forth. At
least some of the patient characteristics may be used as
features for generating and training care path patient pro-
file models. With the care path patient profile, rather than
using some simple ad-hoc criteria based on gender and
age, say, the core analytics program may more accurate-
ly determine which care path a newly admitted patient
may be most likely to experience. This may not only help
the medical professionals decide the next intervention,
but may also assist the hospital to manage the hospital

resources such as beds, staff, equipment, and other re-
sources. The care path patient profile models may be
generated and trained as machine learning models
based on determined features. Additional details of gen-
erating the care path patient profile models are discussed
below with respect to the core analytics program 124.
[0038] To facilitate building a care path patient profile
model by the core analytics program 124, the feature
generator 172 of the data mining program 122 may gen-
erate the potential patient characteristics, i.e., features,
at each admission level. The feature generator 172 may
generate features mainly from each individual data
source, e.g., the EHR system, the ADT system, clinical
information systems, etc. These may be referred to as
basic features. FIG. 5 discussed below illustrates an ex-
ample data structure including potential features gener-
ated by the feature generator 172 of the data mining pro-
gram 122. The information in FIG. 5 is information that
may be obtained during or may be otherwise associated
with each admission of a patient as discussed herein.
Additional information that may be associated with each
admission may include a time and date of the admission
and a DRG code associated with each admission.
[0039] Cross-data-source features such as care path
related features may be generated by a care path pattern
recognition module 174 included in the core analytics
program 124. The features generated by care path pat-
tern recognition module 174 may also be used by the
predictive analytics applications 126.
[0040] The core analytics program 124 may include
analytics components that support the analytics applica-
tions 126 and 128. Core analytics program 124 may in-
clude the care path pattern recognition module 174 that
may be used for prediction; a care path patient profile
model builder; and a care path comparative effectiveness
analytics module 178. The care path pattern recognition
module 174 may be executed to determine a pattern of
mined care paths and to use the determined pattern for
the predictive analytics application(s) 126. For instance,
the care path pattern recognition module 174 may be
used by a hospital-acquired infection risk prediction ap-
plication 180, a hospital readmission risk prediction ap-
plication 182, an emergency department visit prediction
application 184, and/or a length of stay (LOS) prediction
application 186, each of which is discussed additionally
below.
[0041] In some examples, the mined care paths may
be treated as categorical variables for predicting the tar-
get of interest (e.g., hospital-acquired infection, hospital
readmission, emergency department visit, etc.). Imple-
mentations herein include two methods to generate fea-
tures that are useful for predictive analytics application(s)
126 based on mined care path patterns. For instance,
the care path pattern recognition module may generate
two categories of features, a first category being binary
and a second category being multi-class. In terms of se-
quence granularity, the generated features may be relat-
ed with the whole flow as well as each transition of the
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care paths. For binary features, the care path pattern
recognition module 174 may cluster the care path based
on the frequency of care path. For multi-class categorical
features, the care path pattern recognition module 174
may apply a bi-clustering technique to cluster care paths
into groups.
[0042] For binary features, the care path pattern rec-
ognition module 174 may cluster the care path based on
the frequency of care path by clustering the care paths
into frequent care paths and infrequent care paths. In
some cases, these may correspond to normal care paths
and special care paths. If the number of admissions as-
sociated with a particular care path pattern exceeds a
threshold number, then that care path pattern may be
classified as frequent; otherwise, that care path pattern
is classified as infrequent. For various different groups
of patients, such as based on different DRGs, the thresh-
old number may be different since the number of admis-
sions for different groups of patients may vary substan-
tially. To determine the appropriate threshold for each
group of patients, some implementations herein may use
a heuristic based on mutual information between the po-
tential feature and the prediction target of interest y, e.g.,
a re-admission label.
[0043] As one example, suppose that, for a selected
group of patients, there are K total admissions and the
K admissions went through n different care path patterns,
denoted by p1, p2, p3, ..., pn, with the corresponding fre-
quency f1, f2, f3, ..., fn. An example data structure of some
mined path patterns is described below with respect to
FIG. 2. In addition, for a frequency number threshold t,
if fi ≥ t, then the corresponding care path pattern pi is
treated as frequent. If fi < t, then the corresponding pattern
pi is treated as infrequent. The set of frequent patterns
may be denoted as F, while the set of infrequent patterns
may be denoted as Fc. For a selected admission of in-
terest k, suppose the selected admission underwent care
path pattern pj. If pj ∈ F, then assign 1 to this admission,
denoted by xk = 1. Otherwise, xk = 0. Further, denote X(t)
= {x1,x2,...,xK} as the binary vector generated when the
frequency number threshold is set at t. For these K ad-
missions, the corresponding prediction target, e.g., re-
admission label in this example, is Y = {y1,y2,...,yK}. In
addition, the mutual information between X(t) and Y may
be denoted as I(Y, X (t)). To get the most information,
the care path pattern recognition module 174 may
choose a threshold t* such that 

[0044] Mutual information is a well-known concept; for
the two binary vectors Y and X(t), their mutual information
equals 

where nij is the number of pairs (xk, yk) that equals (i, j),
for i = 0, 1 and j = 0, 1, and ni. = ni0 + ni1; n·j = n0j + n1j.
Since X(t) depends on t, so does the mutual information,
and the threshold t* that maximizes the mutual informa-
tion may be chosen by enumerating all the possible val-
ues of X(t) along with their corresponding mutual infor-
mation with Y. In this example, there are n frequencies
f1, f2, f3,...,fn, and the possible values of X(t) are obtained
by setting t equal to each fi in turn.
[0045] Furthermore, for a different group of patients,
such as a group of patients having different DRG codes,
t* may be different. The features generated for a group
of index admissions may be added to a data structure,
such as is described with respect to FIG. 6 below. In
addition, an example process for generating the features
through clustering based on care path frequencies is de-
scribed below with respect to FIG. 7.
[0046] The above process, as also discussed with re-
spect to FIG. 7, considers the frequency of the whole flow
of a care path. In other examples herein, the information
regarding the prediction target may be in each transition,
e.g., lab → diagnosis and diagnosis → procedure. Ac-
cordingly, binary features may be created based on each
transition as well. A process similar to that described
above and with respect to FIG. 7 for generating whole
flow based features can be applied for generating fea-
tures from the transitions. For example, care path pattern
recognition module 174 may first consider all the patterns
for each transition lab → diagnosis and diagnosis → pro-
cedure, separately, for a group of patients. For each tran-
sition, the care path pattern recognition module 174 may
determine the optimal threshold based on the mutual in-
formation. Next, the care path pattern recognition module
174 may apply the optimal threshold to generate a binary
feature for each admission.
[0047] In some cases, binary features may be too ru-
dimentary and not sufficiently discriminative for produc-
ing a desired level of accuracy. Accordingly, implemen-
tations herein may apply an alternative method for gen-
erating more granular features by applying a bi-clustering
technique. Bi-clustering, also called co-clustering, two-
mode clustering, or block clustering, clusters two dimen-
sions simultaneously. For example, bi-clustering may en-
able concurrent clustering of both the rows and the col-
umns of a matrix. As one example, given a set of m dif-
ferent lab tests and n different diagnoses, the number of
patient admissions that have gone through each pair of
a particular lab test and a particular diagnosis forms an
m 3 n matrix. The bi-clustering algorithm may rearrange
rows and columns of the m 3 n matrix so that a subset
of lab tests (rows) may be highly associated with a subset
of diagnoses (columns), but not highly associated with
other diagnoses (columns). That is, for patients who have
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experienced a certain subset of lab tests may also receive
a certain subset of diagnoses, but rarely receive other
diagnoses. Thus, a bi-clustering algorithm may look for
patterns by analyzing two variables at the same time.
Various different bi-clustering algorithms may be applied
in the examples herein, such as spectral clustering, block
clustering, interrelated two-way clustering, and so forth.
[0048] As one example, the care path pattern recog-
nition module 174 may consider each transition in a care
path, i.e., lab test → diagnosis, diagnosis → procedure.
That is, the two dimensions that are analyzed simultane-
ously are either 1) lab test → diagnosis or 2) diagnosis
→ procedure. Although there may be a large amount of
different lab tests, diagnosis codes and procedure codes
associated with a group of patients, some transitions may
be deemed to be "similar" to each other. The similarity
may be measured in terms of three options: a) the co-
occurrence of the two elements in transitions; b) the fre-
quency of transitions; and/or c) the response rate of tran-
sitions.
[0049] For option a), the care path pattern recognition
module 174 may use an incidence matrix to represent
the co-occurrence of the two elements in a transition (i.e.,
a lab test and a diagnosis code or a diagnosis code and
a procedure code). In an incidence matrix, rows and col-
umns represent the two dimensions of a transition. A cell
may have value of 1 if the transition from the correspond-
ing row and the corresponding column appears in the
data. Otherwise, the cell may have a value of 0.
[0050] For option b), the care path pattern recognition
module 174 may use a transition frequency matrix. To
obtain a transition frequency matrix, each cell in the in-
cidence matrix may be replaced by the number of admis-
sions that have gone through the corresponding transi-
tion.
[0051] For option c), the care path pattern recognition
module 174 may use a transition response rate matrix.
If the prediction target is of binary feature, e.g., readmis-
sion risk, the response rate may be defined as the per-
centage of admissions that have positive outcomes (e.g.,
readmitted) for a group of admissions that have the same
transition. If the prediction target is the length of stay
(LOS), the response rate may be defined as the average
length of stay for that group. To generate a response rate
matrix, each cell in the incidence matrix may be replaced
by the response rate of the admissions that have gone
through the corresponding transition.
[0052] The care path pattern recognition module 174
may apply bi-clustering techniques to these matrices to
cluster the transitions in the care paths into blocks such
that the transitions within a block are deemed to be "sim-
ilar", while the transitions across different blocks may ex-
hibit significant variations. Each block may represent a
new category, e.g., a new feature.
[0053] As discussed additionally below, FIG. 8 illus-
trates an example incidence matrix in which the rows
represent diagnosis codes and the columns represent
procedure codes for a group of patients. In addition, the

care path pattern recognition module 174 may generate
a heat map to provide a visualization of this incidence
matrix, such as for presentation in a user interface on the
display 118. An example of the heat map is described
below with respect to FIG. 9.
[0054] After applying a bi-clustering algorithm, such as
spectral clustering, the rows and columns of the original
incidence matrix may be rearranged and so that the tran-
sitions are clustered into a plurality of clusters. FIG. 10
discussed below illustrates the example incidence matrix
with four clusters. The four clusters are labeled as c1,
c2, c3, and c4 and these four clusters may be used as
the new features. If an admission has gone through a
transition (e.g., D:5 → P:1), the corresponding cluster c1
may have a value of 1 for this admission while the re-
maining clusters c2, c3, and c4 may have a value of 0.
As discussed below, FIG. 11 illustrates an example heat
map corresponding the incidence matrix following bi-
clustering of the data, and may be presented in a user
interface on the display 118 to enable visualization of the
bi-clustered features. In addition, as discussed below,
FIG. 12 illustrates an example data structure of admis-
sion with features generated by bi-clustering that may be
generated by the care path pattern recognition module
174.
[0055] Furthermore, the example above describes
clustering the transitions based on the incidence matrix
(i.e., option (a) discussed above). However, the care path
pattern recognition module 174 may also cluster the tran-
sitions based on a transition frequency matrix (i.e., option
(b) discussed above) and a transition response rate ma-
trix (i.e., option (c) discussed above) to provide additional
features for use in the machine learning models 132. As
discussed below, FIG. 13 illustrates an example process
for generating the features by bi-clustering care paths
according to some implementations. The generated fea-
tures may be subsequently used for the analytics appli-
cation(s) 126 and/or 128, as discussed additionally be-
low.
[0056] The care path patient profile model builder 176
may be executed to generate a profile for each frequent
care path of past patients. For example, when a patient
is newly admitted, if the hospital can make certain critical
predictions, such as the care path that the patient may
be most likely to experience and the length of stay, the
prediction may help the healthcare professional to deter-
mine the next intervention step, and may also help
streamline the hospital operations, such as by being used
by the hospital to manage the hospital resources such
as beds, staff, medical equipment, medical supplies, and
so forth.
[0057] The care path patient profile model builder 176
may be executed to configure the service computing de-
vice 102 to build and store a profile for each frequent
care path experienced by patients in the past. The care
path patient profile may include a set of patient charac-
teristics determined to be significant, as well as the in-
teractions among these patient characteristics that are
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unique or otherwise distinct for each care path pattern.
The patient characteristics may include patient demo-
graphic information, genetic information, health history,
clinical history prior to the admission, and the like. These
characteristics may be a common pattern extracted from
the received data using supervised machine learning
models 132, rather than mere ad-hoc choices. For ex-
ample, when a patient is newly admitted, the same set
of features for this new patient is extracted and compared
with the care path patient profile model for each care path
pattern so that the hospital can predict more accurately
the possible care path for the new patient. With the pro-
files stored in the system, implementations herein are
able to overcome the challenge of not being able to ac-
cess an admission, discharge, transfer (ADT) system in
real time and can still accurately predict the length of
stay, patient care requirements, and the like.
[0058] In some example herein, building a care path
patient profile model may be performed by training a ma-
chine learning classifier or other suitable machine learn-
ing model 130. For example, the care path patient profile
model builder 176 may build a respective classifier as a
care path patient profile model for each frequent care
path (e.g., the care paths already classified as being fre-
quent care paths by the care path miner 168 above. The
care paths mined by the care path miner 168, as well as
the features generated by the feature generator 172 in
the data mining program 122 may be used as the input
to the care path patient profile model builder 176.
[0059] As one example, the care path patient profile
model builder 176 may select a care path pattern p and
may retrieve the admissions that have gone through this
care path pattern. For example, suppose that there are
n(p) such admissions. The care path patient profile model
builder 176 retrieves the features for these n(p) admis-
sions such as from the data structure discussed with re-
spect to FIG. 5 below, as a first feature matrix, such as 

[0060] The care path patient profile model builder 176
may randomly select another n(p) admissions that have
not gone through this pattern, i.e., are associated with
patterns other than the selected pattern. These randomly
selected admissions represent negative examples while
the admissions with pattern p represent positive exam-
ples. The care path patient profile model builder 176 may
retrieve the features for these negative examples as a
second feature matrix, such as: 

[0061] The care path patient profile model builder 176
may stack the features for both positive examples and
negative examples as a single feature matrix, such as: 

[0062] The care path patient profile model builder 176
may create a label vector of length 2n(p) with the first
n(p) elements each denoted as "1" and the last n(p) el-
ements each denoted as "0". The care path patient profile
model builder 176 may further denote the label vector as
Y = [1, 1,.., 1,0, 0, ..., 0]T.
[0063] The care path patient profile model builder 176
may train a binary classifier on the combined feature ma-
trix X2n(p)3q and the label vector Y, and may store the
machine learning classifier model with the best classifi-
cation performance as the care path patient profile model
for the selected pattern. In the examples herein, the
trained classifier model may essentially be a function of
a set of characteristics from the patients. In practical im-
plementation, there may be a prediction method em-
ployed using the trained model that can be used to predict
new data. The care path patient profile model builder 176
may repeat the process for each frequent pattern identi-
fied by the care path miner discussed above.
[0064] The machine learning models 132 used as the
care path patient profile models may be any of many
commonly used classification models, such as logistic
regression models, random forest models, support vec-
tor machine (SVM) models, gradient boosting machine
models, or the like. As discussed additionally below, FIG.
14 illustrates an example process for generating a care
path patient profile model according to some implemen-
tations.
[0065] The comparative effectiveness analytics mod-
ule 178 may be executed to provide insights on the as-
sociated probabilities of outcomes or the like, such as
probability of re-admission, probability of hospital-ac-
quired infection, probability of mortality, etc., as well as
to discover and reduce any inappropriate variations that
are not supported on a quality or outcome basis. The
comparative effectiveness analytics module 178 may be
executed to perform comparative effectiveness analytics
by initially selecting a group of patients. For example, the
group of patients may have the same DRG code, or may
have other specified characteristics in common. The
comparative effectiveness analytics module 178 may re-
trieve the mined care paths associated with this group of
patients, such as by accessing the data structure dis-
cussed with respect to FIG. 2.
[0066] The comparative effectiveness analytics mod-
ule 178 may further specify a set of risk and cost meas-
ures such as re-admission, mortality, length of stay, cost,
etc., for determining predicted probabilities therefor, and
may calculate the distribution for each specified measure
for admissions associated with each care path pattern.
In addition, the comparative effectiveness analytics mod-
ule 178 may calculate summary statistics for each meas-
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ure distribution. For example, the summary statistics may
include a mean, a standard deviation, a median, or other
statistical value of interest.
[0067] Furthermore, the comparative effectiveness
analytics module 178 may generate a visualization of the
determined statistics for the specified measure(s) for dif-
ferent care paths, and may present the visualization in a
graphic user interface (GUI). As one example, a spider
chart may be used to visualize and compare different
probabilities for different care path patterns. As dis-
cussed additionally below, FIG. 15 illustrates an example
visualization that may be used for comparing the various
care paths to determine whether one care path may pro-
vide a better overall outcome than the other.
[0068] As illustrated in FIG. 1, the system 100 provides
a care path analytics platform that supports at least two
categories of applications: predictive analytics applica-
tion(s) 126 and prescriptive analytics application(s) 128.
The example applications illustrated in this example in-
clude the hospital-acquired infection risk prediction ap-
plication 180, the hospital readmission risk prediction ap-
plication 182, the emergency department visit prediction
application 184, the length of stay (LOS) prediction ap-
plication 186, the next medical intervention recommen-
dation application 192, the hospital bed management ap-
plication 188, and the staff planning application 190.
[0069] As one example, for the hospital-acquired in-
fection risk prediction application 180, the hospital re-
admission risk prediction application 182, and the emer-
gency department visit prediction application 184, a bi-
nary classification model may be trained first and then
the trained model may be used for predicting the target
of interest for new patients. Additionally, for the LOS pre-
diction application 186, the processing may be treated
as a continuous variable prediction problem.
[0070] As one example, let y denote the predictive tar-
get of interest. For the hospital-acquired infection risk
prediction application 180, the hospital readmission risk
prediction application 182, and the emergency depart-
ment visit prediction application 184, y may be a binary.
On the other hand, for the LOS prediction application
186, y may be a positive continuous variable. Because
of the similarity among the hospital-acquired infection risk
prediction application 180, the hospital readmission risk
prediction application 182, and the emergency depart-
ment visit prediction application 184, the processes for
supporting and enhancing this group of applications may
be treated as generally the same binary prediction prob-
lem based on the results of the care path pattern recog-
nition module 174. On the other hand, as discussed be-
low, the application the LOS prediction application may
use the care path patient profile models determined by
the care path patient profile model builder.
[0071] In addition, the next medical intervention rec-
ommendation application 192 may be executed using a
direct application of the outputs of the care path patient
profile model builder 176 and the comparative effective-
ness analytics module 178. Furthermore, the other pre-

scriptive analytics applications, the hospital bed manage-
ment application 188 and the staff planning application
190, are about hospital resource management. One of
the factors for successful resource management is to the
ability to accurately predict the demand. Accordingly, the
output of the LOS prediction application 186 may be used
as an input for these applications.
[0072] The binary predictive applications (i.e., the hos-
pital-acquired infection risk prediction application 180,
the hospital readmission risk prediction application 182,
and the emergency department visit prediction applica-
tion 184) involve two stages, namely, a training stage
and a prediction stage.
[0073] In the training stage, a prediction target may be
specified. For example, the prediction target may be one
or more of a probability of a hospital-acquired infection,
a probability of hospital readmission, or a probability of
an emergency department visit. Further, the application
may select a group of patients and may access the data
structures to obtain corresponding data provided by the
data management program 120 and the data mining pro-
gram 122. In addition, the outcome generator 170 may
be executed as described with respect to, e.g., FIGS. 1
and 4 for generating an outcome label vector. Further,
the care path miner 168 may be executed as described
with respect to FIGS. 1 and 2 to identify care path patterns
associated with the patients in the selected group of pa-
tients.
[0074] Furthermore, the feature generator 172 may be
executed as described with respect to FIGS. 1, 6 and 7
to generate basic features for the patients in the selected
group of patients. Additionally, advanced cross-source
features based on the care path patterns are generated
by executing the care path pattern recognition module
174. As one example, a technique for generating the ad-
vanced cross sourced features may include extracting
the care path for a patient admission in the group of pa-
tients, retrieving a binary feature for this care path from
the care path patterns determined by the care path pat-
tern recognition module 174, retrieving the multi-class
categorical feature for this care path, and outputting both
types of features for this group of patients. Further, the
application may merge the basic features and the ad-
vanced features to form a feature matrix.
[0075] The application may train and cross validate a
binary machine learning classifier using the feature ma-
trix and the outcome label vector. The application may
store the classifier model with the best performance for
use in the prediction stage by the respective application.
As mentioned above, the application may be one of the
hospital-acquired infection risk prediction application
180, the hospital readmission risk prediction application
182, or the emergency department visit prediction appli-
cation 184. An example flow of the process for training
is illustrated with respect to FIG. 16 discussed below.
[0076] Furthermore, during the prediction stage of a
binary predictive application (i.e., one of the hospital-ac-
quired infection risk prediction application 180, the hos-
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pital readmission risk prediction application 182, or the
emergency department visit prediction application 184),
the application may receive, as input, a new patient ad-
mission, discharge or the like, for prediction. In response,
the feature generator 172 may be executed as described
above with respect to FIGS. 1, 6, and 7 to generate basic
features for the particular patient. Additionally, the care
path pattern recognition module 174 may be executed
for generating the advanced features. As one example,
the care path pattern recognition module may extract the
care path for this new patient admission, retrieve the bi-
nary features for this care path from the patterns extract-
ed by the care path pattern recognition module, retrieve
the multi-class categorical features for this care path from
the patterns mined by the care path pattern recognition
module, and output both types of features for this admis-
sion or discharge.
[0077] The binary application may merge the basic fea-
tures and the advanced features to generate a full set of
features for this admission or discharge. The application
may input the generated full set of features into the
trained machine learning prediction model for the respec-
tive application to determine a probability of the outcome
for the selected admission or discharge, and may output
the predicted probability determined using the trained
machine learning prediction model. An example flow of
the process for prediction is illustrated with respect to
FIG. 17, as discussed below. As mentioned, the process
may be executed using any of the hospital-acquired in-
fection risk prediction application 180, the hospital re-
admission risk prediction application 182, or the emer-
gency department visit prediction application 184.
[0078] In some examples, the length of stay (LOS) pre-
diction application 186 may be configured to perform at
least one of two non-parametric estimation methods. For
instance, the estimation methods herein do not rely on
any assumption on the distribution of the LOS. The set
of care path patient profile models built by the care path
patient profile builder 176 may be used for predicting
LOS. These two methods are similar except that the sec-
ond method has additional steps and is more computa-
tionally expensive in order to achieve better performance.
[0079] For instance, the first method may use an em-
pirical distribution of the most likely care path to predict
the length of stay for a new patient admission. The sec-
ond method uses a weighted mixture of the distributions
of all possible care paths. The output of the LOS predic-
tion application 186 may be a distribution of the predicted
LOS for a particular patient, rather than a single statistic,
such as the mean or the median, to offer the flexibility for
further estimation used in other applications, such as the
hospital bed management application 188 and the staff
planning application 190.
[0080] When executing the LOS prediction application
186, the LOS prediction application 186 may receive, as
input, a new patient admission, and may generate fea-
tures for this admission, such as by executing the feature
generator 172 as described above with respect to FIGS.

1, 6, and 7 to generate basic features for the particular
admission. The LOS prediction application 186 may use
the saved care path patient profile models one by one to
generate predictions based on the features for this ad-
mission. Accordingly, for each model, a probability may
be generated. For instance, suppose there are altogether
n care path patient profile models and the predicted prob-
abilities are p1,p2,...,,pn. At this point, the LOS prediction
application 186 may execute either the first method de-
scribed above, or the second method.
[0081] When executing the first method, the LOS pre-
diction application 186 may calculate the empirical dis-
tribution of the LOS of historical admissions associated
with care path k, where pk = max(p1, p2,...,pn), and may
output the distribution of LOS for care path k as the pre-
diction of the LOS for this admission. On the other hand,
when executing the second method, the LOS prediction
application 186 may calculate a weight for each care
path. For example, the weight for each care path may be

calculated based on  i = 1, ..., n in

which wi is the weight of care path i. The LOS prediction
application 186 may also calculate the empirical distri-
bution of the LOS of historical admissions associated with
each care path. For the empirical distribution of LOS of
historical admissions, the LOS prediction application 186
may be configured to apply kernel density estimation or
other suitable estimation techniques. For example, sup-
pose the distribution of LOS for care path i is fi(x). The
LOS prediction application 186 may calculate the weight-
ed mixture distribution based on the calculated weights
and the empirical distribution. As an example,

 where F(x) is the weighted

mixture distribution. Finally, the LOS prediction applica-
tion 186 may output the weighted mixture distribution F(x)
as the prediction of the LOS for this admission. A flow
diagram of the process including the two methods is dis-
cussed below with respect to FIG. 18.
[0082] The next medical intervention recommendation
application 192 may determine a next recommended
medical intervention based on a direct application of the
care path patient profile models and the care path com-
parative effectiveness analytics. The procedure of pre-
dicting the most likely care path for a newly admitted pa-
tient using the care path patient profiles may include run-
ning the feature generator 172 of the data mining program
122 to generate features for a selected patient admission.
The next medical intervention recommendation applica-
tion 192 may input the generated features as input to the
saved care path patient profile models one by one to
generate predictions based on the features generated
for this admission. For each care path patient profile mod-
el, a probability may be generated. This probability may
indicate how likely this admission will follow a particular
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care path. The next medical intervention recommenda-
tion application 192 may rank all the probabilities gener-
ated and output the top k models with the highest prob-
abilities.
[0083] The value of k may be configurable by the user.
Accordingly, k may be 1 or some integer greater than 1.
By outputting more than one most likely care path, the
next medical intervention recommendation application
192 gives a medical professional flexibility in selecting a
care path that may include, in the medical professional’s
opinion, the most appropriate tradeoff among different
risks based on the insights provided by the care path
comparative effectiveness analytics module 178.
[0084] In addition to the top k most likely care paths
for this new admission, the associated risk and cost met-
rics for these top k care paths may also be determined,
which might also assist the medical professional in mak-
ing an informed decision on the next intervention. A flow
diagram of the process is discussed below with respect
to FIG. 19. In addition, a graphic user interface (GUI) for
enabling visualization of the predictions and selecting an
optimal care path is discussed below with respect to FIG.
20.
[0085] The hospital bed management application 188
and the staff planning application 190 may receive as
input the output of the LOS prediction application 186. In
some examples herein, the demand prediction for certain
resources (e.g., hospital beds, hospital staff, hospital
equipment, etc.) may be determined based on an aggre-
gation of individual patient LOS predictions. As men-
tioned above, the LOS prediction application 186 may be
configured to output a distribution of predicted LOS for
each admission. To perform aggregation of these multi-
ple distributions, the hospital bed management applica-
tion 188 and/or the staff planning application 190 may
first determine an estimated probability that the LOS is
at least i days, for each new patient. As one example, a
configurable percentile for the demand for the specified
resource on day i from these patients, such as the 50th,
75th, or 90th percentile may be employed. For example,
if a conservative approach to resource management is
desired, then a higher percentile, e.g., the 90th percentile
may be employed. On the other hand, if a more optimistic
approach to resource management is desired, then a
lower percentile, for example, the 50th percentile (i.e.,
the median) may be employed.
[0086] As an example, a user may execute one of the
hospital bed management application 188 or the staff
planning application 190, and may receive, as input, a
group of new patient admissions for a day (day 0) that
share a resource. In addition, the LOS prediction appli-
cation 186 discussed above with respect to FIG. 1 may
be executed for each admission to determine the LOS
distribution for each admission in the group. Further, the
application may estimate the probability that each indi-
vidual LOS is at least i. As one example, suppose there
are a total of M new patients, and for each individual
patient admission m, the estimated probability that the

LOS is at least i is xm(i). In addition, the application may
calculate the specified percentile Di of the aggregate de-
mand from the new patient admissions on a selected day
i, with the mth admission contributing to this aggregate if
its LOS is at least i. As one example, Di may be calculated
as the specified percentile of the sum of M independent
binary (0/1) random variables with expected values xm(i),
m = 1, 2, ..., M.
[0087] The application may output the predicted de-
mand Di for resources for one or more selected days i
based on the received new patient admissions. Further-
more, the application may perform at least one action
based on the predicted demand. For example, if the hos-
pital bed management application 188 is being executed,
the hospital bed management application 188 may re-
serve a required number of beds based on the predicted
demand for the beds. Similarly, if the staff planning ap-
plication 190 is being executed, the staff planning appli-
cation 190 may schedule a required number of staff em-
ployees to work at specified times based on the predicted
demand for staffing at those times. An example flow di-
agram illustrating the process for resource management
is discussed below with respect to FIG. 21.
[0088] FIG. 2 illustrates an example data structure 200
of mined care path patterns for a group of patients ac-
cording to some implementations. As mentioned above,
the data structure 200 may be generated by the care path
miner 168 of the data mining program 122 discussed
above with respect to FIG. 1. The care path miner 168
may model the care path as a sequence of lab → diag-
nosis → procedure, which covers the major interventions
that patients experience during their stay with a hospital.
In the example of FIG. 2, the data structure 200 includes
a detected pattern 202, the lab test(s) 204 corresponding
to the respective pattern, the diagnosis code 206 corre-
sponding to the respective pattern, the procedure code
208 corresponding to the respective pattern, and the fre-
quency 210 of each respective pattern.
[0089] FIG. 3 illustrates an example data structure 300
of admission and care path associations according to
some implementations. The data structure 300 may be
generated by the data miner 168 of the data mining pro-
gram 122 to be used by the core analytics program, as
discussed above. For example, the care path miner 168
may be configured to determine the association between
admissions to the hospital and the care path patterns
determined in the data structure 200 discussed above
with respect to FIG. 2, and may store these associations
in the data structure 300 of FIG. 3. Thus, the data struc-
ture 300 includes an admission identifier 302 that repre-
sents the admission of a particular patient to the hospital,
and a care path pattern 304 that indicates the care path
provided to the patient to which the particular admission
corresponds.
[0090] FIG. 4 illustrates an example data structure 400
of outcomes that result in readmission according to some
implementations. The data structure 400 may be gener-
ated by the outcome generator 170 of the data mining
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program 122, as discussed above with respect to FIG.
1. Some examples herein may use a binary variable to
represent hospital-acquired infection and readmission.
That is, for each admission, if a patient was readmitted
to the hospital within a pre-defined period after the dis-
charge, the corresponding outcome variable for this ad-
mission is 1, otherwise, 0.
[0091] In the illustrated example, the admission iden-
tifier (ID) is indicated at 402, and a corresponding out-
come is indicated at 404. In this example, the outcome
is re-admission. Further, as discussed above, other types
of outcomes may be included in the data structure 400.
For example, if a patient acquired a type of infection of
interest during the stay (not shown in FIG. 4), the corre-
sponding outcome variable for this admission is 1, oth-
erwise, 0.
[0092] FIG. 5 illustrates an example data structure 500
of example features according to some implementations.
The data structure 500 may be generated by the feature
generator 172 of the data mining program 122 discussed
above with respect to FIG. 1. As discussed above, to
facilitate building a care path patient profile model by the
core analytics program 124, the feature generator 172
may generate the potential patient features at each ad-
mission level. The feature generator 172 may generate
the features mainly from each individual data source,
e.g., the EHR system, the ADT system, clinical informa-
tion systems, etc. These may be referred to as basic fea-
tures. In the illustrated example, the data structure 500
includes a category of features, as indicated at 502, and
a list of features corresponding to each category, as in-
dicated at 504. Examples of categories 502 may include
sociodemographic features, utilization features, and
overall health and clinical history features.
[0093] FIG. 6 illustrates an example data structure 600
of example admissions with generated features accord-
ing to some implementations. The data structure 600 may
be generated for a group of index admissions as dis-
cussed above with respect to FIG. 1. In this example, the
data structure 600 includes a respective admission
number 602; a respective DRG code 604 for the admis-
sion number; a respective care path pattern 606 for the
respective admission number; a value t* as indicated at
608 indicating the threshold number of patterns for being
classified as a frequent pattern, and flow feature 610,
which may be 1 when the pattern is frequent and 0 when
the pattern is not frequent.
[0094] FIGS. 7, 13, 14, and 16-20 are flow diagrams
illustrating example processes according to some imple-
mentations. The processes are illustrated as collections
of blocks in logical flow diagrams, which represent a se-
quence of operations, some or all of which can be imple-
mented in hardware, software or a combination thereof.
In the context of software, the blocks may represent com-
puter-executable instructions stored on one or more com-
puter-readable media that, when executed by one or
more processors, program the processors to perform the
recited operations. Generally, computer-executable in-

structions include routines, programs, objects, compo-
nents, data structures and the like that perform particular
functions or implement particular data types. The order
in which the blocks are described should not be construed
as a limitation. Any number of the described blocks can
be combined in any order and/or in parallel to implement
the process, or alternative processes, and not all of the
blocks need be executed. For discussion purposes, the
processes are described with reference to the environ-
ments, systems and devices described in the examples
herein, although the processes may be implemented in
a wide variety of other environments, systems and de-
vices.
[0095] FIG. 7 is a flow diagram illustrating an example
process 700 for clustering care paths based on frequency
according to some implementations. In some examples,
the process 700 may be executed by the service com-
puting device(s) 102 or other suitable computing de-
vice(s), such as by execution of the care path pattern
recognition module 174 and other modules discussed
above.
[0096] At 702, the computing device may select a
group of past patient admissions with at least one shared
characteristic (e.g., past patient admissions with the
same DRG code). For example, there may be K such
patient admissions.
[0097] At 704, for these K patient admissions, the com-
puting device may retrieve the corresponding care path
patterns p1, p2, p3,..., pn and the associated frequencies
f1, f2, f3,...,fn. For example, the care path miner may have
previously determined n care path patterns with the as-
sociated frequency f1,f2,f3,...,fn, and may have generated
the data structure 200 discussed above with respect to
FIG. 2.
[0098] At 706, the computing device may, for a thresh-
old t, if fi ≥ t, assign a value 1 to all patients admitted that
went through pattern pi; otherwise assign a value of 0.
[0099] At 708, the computing device may generate the
binary feature vector based on the assigned values. For
example, the computing device may denote X(t) = {x1,
x2, ..., xK} as the binary feature vector generated when
the threshold is set at t.
[0100] At 710, the computing device may retrieve the
outcome labels for this group of patients. For example,
the outcome generator of the data mining program may
have previously determined the outcome labels for a cor-
responding prediction target, e.g., as discussed above
with respect to FIGS. 1 and 4. Suppose in this example
that the outcome label is Y = {y1, y2, ..., yK}.
[0101] At 712, the computing device may find an opti-
mized threshold t* on the pattern frequency. To maximize
the mutual information between the feature vector and
Y, the formula t* = argmax(mutual information(Y, X(t)))
may be applied. The computing device may keep the
corresponding feature vector for these K patients: X(t*)
= {x1, x2, ..., xK}.
[0102] At 714, the computing device may determine
whether there are any other groups of patients to process.
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If so, the process returns to 702; if not, the process goes
to 716.
[0103] At 716, the computing device may combine the
binary feature vectors for all the patient admissions for
all the groups. The features generated for all the groups
of patient admissions may be added to a data structure,
such as is described with respect to FIG. 6.
[0104] At 718, the computing device may output the
feature vectors for use in prediction models.
[0105] FIG. 8 illustrates an example data structure of
an incidence matrix 800 including transitions from diag-
nosis to procedures according to some implementations.
In this example incidence matrix, the rows 802 represent
diagnosis codes, such as codes D:1 to D:10, and the
columns 804 represent procedure codes, such as codes
P:1 to P:10, for a group of patient admissions. The inci-
dence matrix 800 represents the respective transitions
before bi-clustering is applied.
[0106] FIG. 9 illustrates an example heat map 900 of
the incidence matrix 800 of FIG. 8 according to some
implementations. In this example, a block 902 is placed
at each location of a "1" in the incidence matrix 800 and
a block is not placed at the location of a "0" in the inci-
dence matrix 800. The heat map represents the respec-
tive transitions before bi-clustering is applied.
[0107] FIG. 10 illustrates an example data structure of
the incidence matrix 800 of FIG. 8 after bi-clustering ac-
cording to some implementations. In this example of the
incidence matrix 800, the rows 802 continue to represent
the diagnosis codes, such as codes D:1 to D:10, and the
columns 804 continue to represent the procedure codes,
such as codes P:1 to P:10, for a group of patients. After
applying a bi-clustering algorithm, such as spectral clus-
tering, the rows 802 and columns 804 of the incidence
matrix 800 are rearranged so that the transitions in the
incidence matrix 800 are now clustered into four clusters
1002, 1004, 1006 and 1008. These four clusters are la-
beled as c1, c2, c3 and c4, respectively, and these four
clusters can be used as the new features. For example,
if an admission has gone through a transition (e.g., D:5
→ P:1), the corresponding cluster c1 will have a value of
1 for this admission while the rest of the clusters c2, c3,
and c4 will have a value of 0.
[0108] FIG. 11 illustrates an example heat map 1100
of the incidence matrix 800 of FIG. 10 after bi-clustering
according to some implementations. In this example, a
block 1102 is placed at each location of a "1" in the inci-
dence matrix 800 of FIG. 10, and a block is not placed
at the location of a "0" in the incidence matrix 800 of FIG.
10.
[0109] FIG. 12 illustrates an example data structure
1200 of admissions with features generated using bi-
clustering according to some implementations. In this ex-
ample, the care path pattern recognition module 174 may
cluster the transitions based on an incidence matrix, such
as the incidence matrix 800 discussed above with respect
to FIGS. 8 and 10. In other examples, the care path pat-
tern recognition module may cluster the transitions based

on a transition frequency matrix or a transition response
rate matrix, as discussed above with respect to FIG. 1.
In the illustrated example, the data structure 1200 in-
cludes an admission number 1202, a corresponding fea-
ture 1204 of diagnosis → procedure corresponding to
cluster c1; a corresponding feature 1206 of diagnosis →
procedure corresponding to cluster c2; a corresponding
feature 1208 of diagnosis → procedure corresponding
to cluster c3; and a corresponding feature 1210 of diag-
nosis → procedure corresponding to cluster c4.
[0110] FIG. 13 is a flow diagram illustrating an example
process 1300 for bi-clustering according to some imple-
mentations. In some examples, the process 1300 may
be executed by the service computing device(s) 102 or
other suitable computing device(s) such as by executing
the care path pattern recognition module 174 discussed
above with respect to FIG. 1.
[0111] At 1302, the computing device may select a
group of past patient admissions, e.g., past patient ad-
missions with the same DRG code, or one or more other
shared characteristics.
[0112] At 1304, the computing device may retrieve the
corresponding care path patterns mined by the care path
miner, e.g., suppose there are n care path patterns, p1,
p2, p3,...,pn, along with their frequencies f1, f2, f3,...,fn.
[0113] At 1306, the computing device may select a
transition of the care path (e.g., from lab test to diagnosis
or from diagnosis to procedure).
[0114] At 1308, the computing device may generate
the co-occurrence matrix of the two elements in this tran-
sition based on the care path patterns.
[0115] At 1310, the computing device may generate
the frequency matrix of the two elements in this transition
based on the care path patterns.
[0116] At 1312, the computing device may retrieve the
outcome labels for this group of patients, e.g., as previ-
ously generated by outcome generator 170, as discussed
above with respect to FIGS. 1 and 4.
[0117] At 1314, the computing device may generate
the response rate matrix of the two elements in this tran-
sition based on the care path patterns and the outcomes
of the patient admissions associated with each cell in the
matrix.
[0118] At 1316, the computing device may bi-cluster
each matrix and assign a label to each block, e.g., 1 or 0.
[0119] At 1318, the computing device may generate
features for each patient in the group as in the data struc-
ture illustrated in FIG. 12, i.e., based on the bi-clusters
being treated as features if an admission has gone
through a transition corresponding to a bi-cluster.
[0120] At 1320, the computing device may determine
whether there are any other transitions to process. If so,
the process returns to 1306; if not, the process goes to
1322.
[0121] At 1322, the computing device may determine
whether there are any more groups of patients to process.
If so, the process returns to 1302; if not, the process goes
to 1324.
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[0122] At 1324, the computing device may combine
the binary feature vectors for all the admissions. The fea-
tures generated for a group of index admissions may be
added to a data structure, such as is described with re-
spect to FIG. 12.
[0123] At 1318, the computing device may output the
feature vectors for use in prediction models.
[0124] FIG. 14 is a flow diagram illustrating an example
process 1400 for generating care path patient profile
models according to some implementations. In some ex-
amples, the process 1400 may be executed by the serv-
ice computing device(s) 102 or other suitable computing
device(s) by executing the care path patient profile model
builder 176 discussed above with respect to FIG. 1.
[0125] At 1402, the computing device may access the
stored data structures to obtain, as input, the frequent
care paths mined by the care path miner, the admission
and care path association data structure, and the feature
data structure(s) generated by the feature generation
module and/or the care path pattern recognition module.
[0126] At 1404, the computing device may select a
care path pattern p from the frequent care paths.
[0127] At 1406, the computing device may retrieve the
admission IDs associated with the selected care path p
via the admission care path association data structure
(e.g., as illustrated in FIG. 3 above). For example, there
may be n(p) such admissions. In addition, the computing
device may retrieve the features for these n(p) admis-
sions and generate a feature matrix (vector) as discussed

above, such as  

[0128] At 1408, the computing device may randomly
select n(p) admissions that are associated with patterns
other than p and determine the corresponding features.
The computing device may generate a second feature
matrix (vector) for these randomly selected admissions
as discussed above, such as

 

[0129] At 1410, the computing device may stack the
first feature matrix and the second feature matrix to create
a combined matrix. For example, the combined matrix
may be expressed as: 

[0130] The computing device may further create a label
vector of length 2n(p) with the first n(p) elements each
denoted as "1" and the last n(p) elements each denoted
as "0". The care path patient profile model builder 176
may further denote the label vector as Y = [1, 1,.., 1,0,
0, ..., 0]T.
[0131] At 1412, the computing device may train and

cross-validate a machine learning classifier using the
combined feature matrix and the label vector Y.
[0132] At 1414, the computing device may store the
classifier model with the best performance for the select-
ed care path pattern p as M(p), i.e., the care path patient
profile model for the selected pattern.
[0133] At 1416, the computing device may determine
whether there is another pattern to be processed. If so,
the process goes back to 1404; if not, the process goes
to 1418.
[0134] At 1418, the computing device may complete
the process.
[0135] FIG. 15 illustrates an example visualization
1500 of comparative effectiveness analysis according to
some implementations. In this example, a spider chart is
presented as the visualization 1500, although other types
of visualizations may be used. The visualization 1500
includes a metric for emergency department (ED) visit
probability, as indicated at 1502, a metric for mortality
probability, as indicated at 1504, a metric for mean length
of stay (LOS), as indicated at 1506, a metric for standard
deviation of LOS, as indicated at 1508, and a metric for
readmission probability 1510. A first distribution of met-
rics for a first care path is indicated at 1512, and second
distribution of metrics for a second care path is indicated
at 1514. Further, while five metrics and two care paths
are illustrated in this example, more or fewer of each may
be illustrated in other examples, as will be apparent to
those of skill in the art having the benefit of the disclosure
herein.
[0136] FIG. 16 is a flow diagram illustrating an example
process 1600 for the training stage for a binary predictive
application according to some implementations. In some
examples, the process 1600 may be executed by the
service computing device(s) 102 or other suitable com-
puting device(s), such as by executing one of the hospi-
tal-acquired infection risk prediction application 180, the
hospital readmission risk prediction application 182, or
the emergency department visit prediction application
184.
[0137] At 1602, the computing device may specify a
prediction target. For example, the prediction target may
be one or more of a probability of a hospital-acquired
infection, a probability of hospital readmission, or a prob-
ability of an emergency department visit.
[0138] At 1604, the computing device may select a
group of patient admissions and may access the data
structures to obtain corresponding data provided by the
data management program 120 and the data mining pro-
gram 122.
[0139] At 1606, the computing device may generate
the outcome label vector for the patients in the selected
group of patients. For example, the outcome generator
170 may be executed as described above with respect
to, e.g., FIGS. 1 and 4 for generating an outcome label
vector.
[0140] At 1608, the computing device may mine the
care path patterns associated with the patients in the
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selected group of patients. For example, the care path
miner 168 may be executed as described above with
respect to FIGS. 1 and 2 to identify care path patterns
associated with the patients in the selected group of pa-
tients.
[0141] At 1610, the computing device may generate
basic features for the patients in the selected group of
patients. For example, the feature generator 172 may be
executed as described above with respect to FIGS. 1, 6
and 7 to generate basic features for the patients in the
selected group of patients.
[0142] At 1612, the computing device may generate
advanced cross-source features based on the care path
patterns. As one example, a technique for generating the
advanced cross sourced features may include extracting
the care path for a respective patient admission, retriev-
ing a binary feature for this care path from the care path
patterns determined by the care path pattern recognition
module 174, retrieving the multi-class categorical feature
for this care path from the care path patterns determined
by the care path pattern recognition module 174, and
outputting both types of features for this patient admis-
sion.
[0143] At 1614, the computing device may merge the
basic features and the advanced features to form a fea-
ture matrix.
[0144] At 1616, the computing device may train and
cross validate a binary machine learning classifier using
the feature matrix and the outcome label vector.
[0145] At 1618, the computing device may store the
classifier model with the best performance for use in the
prediction stage by the respective one of the hospital-
acquired infection risk prediction application 180, the
hospital readmission risk prediction application 182, or
the emergency department visit prediction application
184.
[0146] FIG. 17 is a flow diagram illustrating an example
process 1700 for the prediction stage of a binary predic-
tive application according to some implementations. In
some examples, the process 1700 may be executed by
the service computing device(s) 102 or other suitable
computing device(s), such as by executing one of the
hospital-acquired infection risk prediction application
180, the hospital readmission risk prediction application
182, or the emergency department visit prediction appli-
cation 184.
[0147] At 1702, the computing device may receive as
input, a new patient admission or discharge for predic-
tion. In the case of a discharge, the corresponding patient
admission may be located and used as the input.
[0148] At 1704, the computing device may generate
basic features for this admission. For example, the fea-
ture generator 172 may be executed as described above
with respect to FIGS. 1, 6, and 7 to generate basic fea-
tures for the particular patient.
[0149] At 1706, the computing device may generate
advanced features for the new patient. For example, the
computing device may execute the care path pattern rec-

ognition module 174 for generating the advanced fea-
tures. As one example, the care path pattern recognition
module may extract the care path for this new patient
admission, retrieve the binary feature for this care path
from the patterns extracted by the care path pattern rec-
ognition module, retrieve the multi-class categorical fea-
ture for this care path from the patterns mined by the care
path pattern recognition module, and output both types
of features for this admission or discharge.
[0150] At 1708, the computing device may merge the
basic features and the advanced features to generate a
full set of features for this admission or discharge.
[0151] At 1710, the computing device may input the
generated full set of features into the trained machine
learning prediction model for the respective application
to determine a probability of the outcome for the selected
admission, and may output the predicted probability de-
termined using the trained machine learning prediction
model.
[0152] FIG. 18 is a flow diagram illustrating an example
process 1800 for length of stay (LOS) prediction accord-
ing to some implementations. In some examples, the
process 1800 may be executed by the service computing
device(s) 102 or other suitable computing device(s) by
executing the length of stay prediction application 186.
[0153] At 1802, the computing device may receive, as
input, a new patient admission.
[0154] At 1804, the computing device may generate
features for this admission. For example, using the tech-
niques discussed above, the feature generator 172 may
be executed as described above with respect to FIGS.
1, 6, and 7 to generate basic features for the particular
admission. In some examples, advanced features may
also be generated as discussed above, e.g., with respect
to FIGS. 16 and 17.
[0155] At 1806, the computing device may use the
saved care path patient profile models one by one to
generate predictions based on the features for this ad-
mission. For each model, a probability may be generated.
Suppose there are altogether n care path patient profile
models and the predicted probabilities are p1,p2,...,pn.
Following 1806, the process may execute a first method
1807 that includes blocks 1808 and 1810, or a second
method 1811 that includes blocks 1812, 1814, 1816, and
1818.
[0156] At 1808, the computing device may calculate
the empirical distribution of the LOS of historical admis-
sions associated with care path k, where pk = max(p1,
p2,..., pn).
[0157] At 1810, the computing device may output the
distribution of LOS for care path k as the prediction of
the LOS for this admission.
[0158] At 1812, the computing device may calculate a
weight for each care path based at least partially on the
predicted probabilities. For example, the weight for each

care path may be calculated based on 
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i = 1, ..., n in which wi is the weight of a selected care path.
[0159] At 1814, the computing device may calculate
the empirical distribution of the LOS of historical admis-
sions associated with each care path. For example, sup-
pose the distribution of LOS for care path i is fi(x).
[0160] At 1816, the computing device may calculate
the weighted mixture distribution based on the calculated
weights and the empirical distribution. As an example,

 where F(x) is the weighted

mixture distribution.
[0161] At 1818, the computing device may output the
weighted mixture distribution F(x) as the prediction of the
LOS for this admission.
[0162] FIG. 19 is a flow diagram illustrating an example
process 1900 for determining a next medical intervention
according to some implementations. In some examples,
the process 1900 may be executed by the service com-
puting device(s) 102 or other suitable computing de-
vice(s) by executing the next medical intervention rec-
ommendation application 192.
[0163] At 1902, the computing device may receive, as
input, a new patient admission.
[0164] At 1904, the computing device may generate
features for this admission. For example, the computing
device may execute the feature generator 172 of the data
mining program 122 to generate features for this admis-
sion as discussed above.
[0165] At 1906, the computing device may input the
generated features to the saved care path patient profile
models one by one to generate predictions based on the
features generated for this admission. For example, the
features generated from the received information related
to the new patient admission may be inputted into the
plurality of care path patient profile models to obtain a
respective probability of being classified in a respective
care path based on an amount of similarity to the patients
who have gone through each care path. Accordingly, a
probability is generated for each care path patient profile
model.
[0166] At 1908, the computing device may rank all the
probabilities generated and output the top k models with
the highest probabilities.
[0167] At 1910, the computing device may present the
top k probabilities in a GUI to enable interaction and/or
selection by a user. An example GUI is described below
with respect to FIG. 20.
[0168] At 1912, the computing device may receive, via
the GUI, a user selection of a care path for the patient
corresponding to the new patient admission, and may
output the selected care path for the patient, including
outputting at least one procedure as a next medical in-
tervention for the patient, based on the selected care
path.
[0169] FIG. 20 illustrates an example GUI 2000 includ-
ing a visualization of comparative effectiveness analysis
for a next medical intervention according to some imple-

mentations. In this example, the GUI 2000 includes pa-
tient information 2002, such as name, age, gender, etc.
In addition, the GUI 2000 includes three areas that pro-
vide visualization of the results of the analysis performed
by the care path analytics platform for the selected pa-
tient.
[0170] A first area 2004 shows the results for care
paths for similar patients as a Sankey diagram 2006
showing the patterns of similar patients. For example,
"similar" patients may refer to those with the same DRG
code as the selected patient identified at 2002, although
other matching characteristics may be used in other ex-
amples. The Sankey diagram progresses between a plu-
rality of care path components, i.e., from lab 2008, to
diagnosis 2010, to procedure 2012, to outcome 2014. A
plurality of bands 2016 extend between each of these
care path components and the relative heights of the
bands may indicate the number of patients that experi-
enced the respective care path component. For instance,
the labs 2008 are divided into five different lab actions,
i.e., L:NA (no lab work was performed); L:LA4, LA16, S40
(three different lab works were performed); L:S37 (a par-
ticular lab work indicated by code S37 was performed);
L:LA16 (a particular lab work indicated by code LA16 was
performed); and L:LA4 (a particular lab work indicated
by code LA4 was performed).
[0171] One or more bands 2016 extend from each of
the lab actions, and the relative heights of the bands may
be based on the number of patients who experienced the
same care path combination of components 2008, 2010,
2012 and 2014. In this example, only two diagnoses 2010
are included, namely a first diagnosis labeled with code
D:0389 and a second diagnosis labeled with code
D:03842. Furthermore, two procedures 2012 are depict-
ed, namely, a first procedure P:NA in which no action
was taken and a second procedure with code P:3893.
Additionally, two outcomes 2014 are illustrated, i.e., no
readmission (ReAdm:0) or readmission (ReAdm:1). In
this example, a first band 2018 and a second band 2020
indicate the most likely care paths to result in no readmis-
sion, which may correspond to the highest ranking care
paths identified above, e.g., in the process 1900 dis-
cussed with respect to FIG. 19.
[0172] The bottom left of the GUI 2000 includes an
area 2022 including the two most likely care paths 2018
and 2020 based on care path patient profile models. Fur-
thermore, the bottom right of the GUI 2000 includes an
area 2024 visualizing comparisons of the associated
metrics for the two most likely care paths 2018 and 2020.
In this example, the most likely care path pattern is re-
ferred as pattern A, and the corresponding flow in the
Sankey diagram may be highlighted as band 2020. In
addition, the second most likely care path pattern is re-
ferred as pattern B and corresponds to band 2018 in the
Sankey diagram.
[0173] Thus, in area 2022, for pattern A, the care path
components may be presented in greater detail to include
a description corresponding to the respective codes. For
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example, as indicated at 2030, care path pattern A in-
cludes lab → diagnosis → procedure in which the lab is
L:NA, indicated to be No Labs, as indicated at 2032, the
diagnosis is indicated to be D:0389 Septicemia NOS, as
indicated at 2034, and the procedure is indicated to be
P:3893 Venous Cath NEC, as indicated at 2036. As in-
dicated at 2038, the user may click on, or otherwise select
a virtual control to select pattern A if the user desires to
apply the care path of pattern A to the selected patient.
Similarly, as indicated at 2040 for care path pattern B,
the lab is L:NA, indicated to be No Labs, as indicated at
2042, the diagnosis is indicated to be D:0389 Septicemia
NOS, as indicated at 2044, and the procedure is indicated
to be P:NA, No Procedures, as indicated at 2046. As
indicated at 2048, the user may click on, or otherwise
select a virtual control to select pattern B if the user de-
sires to apply the care path of pattern B to the selected
patient. As one example, a user selection of a particular
care path for the patient may cause the next medical
intervention recommendation application to output the
selected care path for the patient, which may include out-
putting at least one procedure as a next medical inter-
vention for the patient, based on the selected care path.
[0174] Additionally, the area 2024 showing the metric
comparisons may include the five metrics discussed
above with respect to the visualization of FIG. 15. Thus,
the metrics in this example include mean LOS, as indi-
cated at 2050, standard deviation of LOS, as indicated
at 2052, readmission probability, as indicated at 2054,
ED visit probability, as indicated at 2056, and mortality
probability, as indicated at 2058. Furthermore, while a
bar graph is used in this example, other types of visual-
izations may be used in other examples, such as the
spider chart 1500 discussed above with respect to FIG.
15.
[0175] FIG. 21 is a flow diagram illustrating an example
process 2100 for determining resource utilization accord-
ing to some implementations. In some examples, the
process 2100 may be executed by the service computing
device(s) 102 or other suitable computing device(s), such
as by executing one of the hospital bed management
application 188 or the staff planning application 190.
[0176] At 2102, the computing device may receive, as
input, a group of new patient admissions for a day (day
0) that share a resource.
[0177] At 2104, the computing device may determine
a predicted LOS for each admission based on received
information about the new patient admission. For exam-
ple, the computing device may execute the LOS predic-
tion application 186 discussed above with respect to FIG.
1 for each admission to determine the LOS distribution
for each admission in the group.
[0178] At 2106, the computing device may specify a
percentile level and determine the estimated probability
that its LOS is at least i days. As one example, suppose
there are a total of M new patients, then for each individual
patient admission m, the estimated probability that its
LOS is at least i may be xm(i).

[0179] At 2108, the computing device may calculate
the specified percentile Di of the demand from the new
patient admissions on day i. As one example, Di is the
specified percentile of the sum of M independent binary
(0/1) random variables with expected values xm(i), m =
1, 2, ..., M.
[0180] At 2110, the computing device may output the
predicted demand Di for resources for one or more se-
lected days i based on the received new patient admis-
sions.
[0181] At 2112, the computing device may perform an
action based on the predicted demand. For example, in
the case that computing device is executing the hospital
bed management application 188, the hospital bed man-
agement application 188 may be executed to reserve a
required number of beds based on the predicted demand
for the beds. Similarly, in the case that the staff planning
application 190 is being executed, the staff planning ap-
plication 190 may schedule a required number of staff
employees to work at specified times based on the pre-
dicted demand for staffing at those times.
[0182] The example processes described herein are
only examples of processes provided for discussion pur-
poses. Numerous other variations will be apparent to
those of skill in the art in light of the disclosure herein.
Further, while the disclosure herein sets forth several ex-
amples of suitable frameworks, architectures and envi-
ronments for executing the processes, the implementa-
tions herein are not limited to the particular examples
shown and discussed. Furthermore, this disclosure pro-
vides various example implementations, as described
and as illustrated in the drawings. However, this disclo-
sure is not limited to the implementations described and
illustrated herein, but can extend to other implementa-
tions, as would be known or as would become known to
those skilled in the art.
[0183] Various instructions, processes, and tech-
niques described herein may be considered in the gen-
eral context of computer-executable instructions, such
as programs stored on computer-readable media, and
executed by the processor(s) herein. Generally, pro-
grams include computer-readable instructions, routines,
modules, applications, objects, components, data struc-
tures, executable code, etc., for performing particular
tasks or implementing particular abstract data types.
These programs and the like may be executed as native
code or may be downloaded and executed, such as in a
virtual machine or other just-in-time compilation execu-
tion environment. Typically, the functionality of the pro-
grams may be combined or distributed as desired in var-
ious implementations. An implementation of these pro-
grams and techniques may be stored on computer stor-
age media or transmitted across some form of commu-
nication media.
[0184] Although the subject matter has been described
in language specific to structural features and/or meth-
odological acts, it is to be understood that the subject
matter defined in the appended claims is not necessarily
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limited to the specific features or acts described. Rather,
the specific features and acts are disclosed as example
forms of implementing the claims.
[0185] Further aspects of the descripted and claimed
subject-matter may include:
According to a further aspect:
One or more non-transitory computer-readable media
storing instructions which, when executed by one or more
processors, program the one or more processors to per-
form operations comprising:

generating a plurality of care path patient profile
models based on a plurality of care path patterns for
a plurality of past patient admissions, each care path
patient profile model including a trained classifier;
receiving information related to a new patient admis-
sion;
generating features from the received information re-
lated to the new patient admission;
inputting the features generated from the received
information related to the new patient admission into
the plurality of care path patient profile models to
obtain a respective probability for each of the care
path patient profile models as to whether the new
patient admission is classified therein; and
based at least in part on the respective probability,
presenting, on a display, information related to at
least one care path pattern in a graphical user inter-
face (GUI),
wherein presenting information related to at least
one care path in the GUI comprises:

ranking respective care path patterns based on
the respective probabilities;
presenting information related to at least one
highest ranked care path, the information relat-
ed to the at least one highest ranked care path
including lab information, diagnosis information,
and procedure information.

[0186] The one or more non-transitory computer-read-
able media as recited in the above aspect, the operations
further comprising:

receiving, via the GUI, a user selection of a care path
pattern for a patient corresponding to the new patient
admission; and
outputting information related to the selected care
path pattern for the new patient admission by out-
putting at least one procedure as a next medical in-
tervention for the patient based on the selected care
path pattern.

[0187] The one or more non-transitory computer-read-
able media as recited in the above aspect, wherein gen-
erating the plurality of care path patient profile models
comprises:

identifying a plurality of care path patterns for the
plurality of past patient admissions;
selecting a subset of the care path patterns having
a frequency greater than a threshold;
generating respective sets of features for the plurality
of care path patterns; and
training a respective care path patient profile model
as the trained classifier for each care path pattern in
the subset using the respective sets of features.

[0188] The one or more non-transitory computer-read-
able media as recited in the above aspect, the operations
further comprising based on inputting the features gen-
erated from the received information into the plurality of
care path patient profile models, determining a probability
of a length of stay for the new patient admission as at
least one of:

an empirical distribution of length of stay of historical
admissions associated with respective care path
patterns; or
a weighted mixture distribution of the length of stay
determined based on determining a weight for indi-
vidual care path patterns in the subset, determining
the empirical distribution of the length of stay of his-
torical admissions associated with the individual
care path patterns, and determining the weighted
mixture distribution from the empirical distribution
and the determined weights.

[0189] The one or more non-transitory computer-read-
able media as recited in the above aspect, the operations
further comprising:

determining the length of stay distributions for a plu-
rality of new patient admissions;
determining a demand for a hospital resource based
on the determined length of stay distributions for the
plurality of new patient admissions; and
performing at least one scheduling action based on
the determined demand.

Claims

1. A system comprising:

a display;
one or more processors in communication with
the display; and
one or more non-transitory computer-readable
media maintaining executable instructions,
which, when executed by the one or more proc-
essors, program the one or more processors to
perform operations comprising:

generating a plurality of care path patient
profile models based on:

37 38 



EP 3 624 133 A1

21

5

10

15

20

25

30

35

40

45

50

55

identifying a plurality of care path pat-
terns for a plurality of past patient ad-
missions,
selecting a subset of the care path pat-
terns having a frequency greater than
a threshold,
generating respective sets of features
for the care path patterns in the subset,
and
training a respective care path patient
profile model as a trained classifier for
each care path pattern in the subset us-
ing the respective sets of features;

receiving information related to a new pa-
tient admission;
generating features from the received infor-
mation related to the new patient admission;
inputting the features generated from the re-
ceived information related to the new pa-
tient admission into the plurality of care path
patient profile models to obtain a respective
probability of being classified in a respective
care path based on an amount of similarity
to the patients who have gone through each
care path;
ranking respective care path patterns based
on the respective probabilities; and
presenting, on the display, information re-
lated to at least one care path pattern in a
graphical user interface (GUI) based on the
ranking.

2. The system as recited in claim 1, wherein presenting
information related to at least one care path pattern
in the GUI based on the ranking comprises:
presenting information related to at least one highest
ranked care path pattern, the information related to
the at least one highest ranked care path pattern
including lab information, diagnosis information, and
procedure information.

3. The system as recited in claim 1, the operations fur-
ther comprising:

receiving, via the GUI, a user selection of a care
path pattern for a patient corresponding to the
new patient admission; and
outputting information related to the selected
care path pattern for the new patient admission
by outputting at least one procedure as a next
medical intervention for the patient based on the
selected care path pattern.

4. The system as recited in claim 1, the operations fur-
ther comprising, based on inputting the features gen-
erated from the received information into the plurality
of care path patient profile models, determining a

probability of a length of stay for the new patient ad-
mission as at least one of:

an empirical distribution of length of stay of his-
torical admissions associated with respective
care path patterns; or
a weighted mixture distribution of the length of
stay determined based on determining a weight
for individual care path patterns in the subset,
determining the empirical distribution of the
length of stay of historical admissions associat-
ed with the individual care path patterns, and
determining the weighted mixture distribution
from the empirical distribution and the deter-
mined weights.

5. The system as recited in claim 4, the operations fur-
ther comprising:

determining the length stay distributions for a
plurality of new patient admissions;
determining a demand for a hospital resource
based on the determined length of stay distribu-
tions for the plurality of new patient admissions;
and
performing at least one scheduling action based
on the determined demand.

6. The system as recited in claim 1, wherein generating
the respective sets of features for the care paths in
the subset comprises:

generating a binary feature vector for the past
patient admissions based on the associated
care path pattern frequency, assigning a first val-
ue if the associated care path pattern having a
frequency over a first threshold, assigning a sec-
ond value different from the first value otherwise;
determining outcome labels for the plurality of
past patient admissions; and
determining an optimized threshold on care path
pattern frequency for each of the care path pat-
terns in the subset to maximize mutual informa-
tion between the feature vector and the outcome
labels.

7. The system as recited in claim 1, wherein generating
the respective sets of features for the care paths in
the subset comprises:

for each care path pattern in the subset of the
care path patterns, selecting transitions in the
care path pattern and generating at least one of
a co-occurrence matrix of the two elements in
each transition, a frequency matrix of the two
elements in each transition, or a response rate
matrix of the two elements in each transition;
performing bi-clustering on at least one of the
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respective co-occurrence matrix, the frequency
matrix, or the response rate matrix to obtain re-
spective bi-clusters; and
generating the features for each respective pa-
tient admission corresponding to the care path
pattern if the respective patient admission has
gone through a transition corresponding to a bi-
cluster.

8. A method comprising:

generating, by one or more processors, a plu-
rality of care path patient profile models based
on a plurality of care path patterns for a plurality
of past patient admissions, each care path pa-
tient profile model including a trained classifier;
receiving, by the one or more processors, infor-
mation related to a new patient admission;
generating, by the one or more processors, fea-
tures from the received information related to
the new patient admission;
inputting, by the one or more processors, the
features generated from the received informa-
tion related to the new patient admission into the
plurality of care path patient profile models to
obtain a respective probability of being classified
in a respective care path based on an amount
of similarity to the patients who have gone
through each care path; and
presenting, by the one or more processors, on
a display, information related to at least one care
path pattern in a graphical user interface (GUI).

9. The method as recited in claim 8, wherein presenting
information related to at least one care path in the
GUI comprises:

ranking respective care path patterns based on
the respective probabilities; and
presenting information related to at least one
highest ranked care path, the information relat-
ed to the at least one highest ranked care path
including lab information, diagnosis information,
and procedure information.

10. The method as recited in claim 8, further comprising:

receiving, via the GUI, a user selection of a care
path pattern for a patient corresponding to the
new patient admission; and
outputting information related to the selected
care path pattern for the new patient admission
by outputting at least one procedure as a next
medical intervention for the patient based on the
selected care path pattern.

11. The method as recited in claim 8, further comprising
generating the plurality of care path patient profile

models by:

identifying a plurality of care path patterns for
the plurality of past patient admissions;
selecting a subset of the care path patterns hav-
ing a frequency greater than a threshold;
generating respective sets of features for the
care path patterns in the subset; and
training a respective care path patient profile
model as the trained classifier for each care path
pattern in the subset using the respective sets
of features.

12. The method as recited in claim 11, wherein gener-
ating the respective sets of features for the care
paths in the subset comprises:

generating a binary feature vector for the past
patient admissions based on the associated
each care path pattern frequency, assigning a
first value if the associated care path pattern
having a frequency over a first threshold, assign-
ing a second value different from the first value
otherwise;
determining outcome labels for the plurality of
past patient admissions; and
determining an optimized threshold on care path
pattern frequency for each of the care path pat-
terns in the subset to maximize mutual informa-
tion between the feature vector and the outcome
labels.

13. The method as recited in claim 8, further comprising
based on inputting the features generated from the
received information into the plurality of care path
patient profile models, determining a probability of a
length of stay for the new patient admission as at
least one of:

an empirical distribution of length of stay of his-
torical admissions associated with respective
care path patterns; or
a weighted mixture distribution of the length of
stay determined based on determining a weight
for individual care path patterns in the subset,
determining the empirical distribution of the
length of stay of historical admissions associat-
ed with the individual care path patterns, and
determining the weighted mixture distribution
from the empirical distribution and the deter-
mined weights.

14. The method as recited in claim 13, further compris-
ing:

determining the length stay distributions for a
plurality of new patient admissions;
determining a demand for a hospital resource
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based on the determined length of stay distribu-
tions for the plurality of new patient admissions;
and
performing at least one scheduling action based
on the determined demand.

15. One or more non-transitory computer-readable me-
dia storing instructions which, when executed by one
or more processors, program the one or more proc-
essors to perform operations comprising:

generating a plurality of care path patient profile
models based on a plurality of care path patterns
for a plurality of past patient admissions, each
care path patient profile model including a
trained classifier;
receiving information related to a new patient
admission;
generating features from the received informa-
tion related to the new patient admission;
inputting the features generated from the re-
ceived information related to the new patient ad-
mission into the plurality of care path patient pro-
file models to obtain a respective probability for
each of the care path patient profile models as
to whether the new patient admission is classi-
fied therein; and
based at least in part on the respective proba-
bility, presenting, on a display, information relat-
ed to at least one care path pattern in a graphical
user interface (GUI).

43 44 



EP 3 624 133 A1

24



EP 3 624 133 A1

25



EP 3 624 133 A1

26



EP 3 624 133 A1

27



EP 3 624 133 A1

28



EP 3 624 133 A1

29



EP 3 624 133 A1

30



EP 3 624 133 A1

31



EP 3 624 133 A1

32



EP 3 624 133 A1

33



EP 3 624 133 A1

34



EP 3 624 133 A1

35



EP 3 624 133 A1

36



EP 3 624 133 A1

37



EP 3 624 133 A1

38



EP 3 624 133 A1

39



EP 3 624 133 A1

40



EP 3 624 133 A1

41



EP 3 624 133 A1

42



EP 3 624 133 A1

43



EP 3 624 133 A1

44



EP 3 624 133 A1

45

5

10

15

20

25

30

35

40

45

50

55



EP 3 624 133 A1

46

5

10

15

20

25

30

35

40

45

50

55


	bibliography
	abstract
	description
	claims
	drawings
	search report

